The computer system ACTIVITY is intended for generating programs with which to predict the activity of functional sites by nucleotide sequences. ACTIVITY analyzes a basis set of nucleotide sequences with known activity. The novelty of this approach is that Zadeh's fuzzy logic and decision-making theory have been employed for determining the best "sequence -» activity" regression. The best one thus determined is then transformed into the text of a program with which the activity for any nucleotide sequence is to be predicted. Testing with independent data has proved this prediction reliable. We have compared our approach with the two commonly used on identical data sets to find the ACTIVITY-generated programs quite competitive.
INTRODUCTION
There are more sites with known sequences than with known activity. Therefore, it is important that activity be predictable by sequence. Although a number of approaches exists, the problem as a whole is yet to be forestalled.
As is known, the activity of functional sites depends on nucleotide context. For example, the efficiency of su2-suppression of amber mutations in E. coli and S. typhimurium depends on which nucleotides are at positions -1 and +5 and which dinucleotide is at position +3 (Stormo et al, 1986) . The frequency of mutations induced in the E. coli lad gene by 2-aminopurine depends on which dinucleotide is at position -2 (Stormo et al, 1986 ). The constant, KDK2, of the rate of formation of "open-complexes" between RNA-polymerase and any E. coli promoter depends on the nucleotide context of the -35 and -10 boxes (Mulligan et al, 1984; Berg and von Hippie, 1987) . The strength, Pua, of E. coli promoters depends on which nucleotides are at positions -38, -12, -10, -9, -8 and between +4 to +14 (Jonson et al, 1993) .
The above examples demonstrate that different types of activity have different nucleotide contexts to depend on. That is why the basic problem is to answer the question as to which context feature is responsible for a particular type of activity. This can be done in a number of ways. For instance, the relationship between RNA-polymerase-binding activity, K0K2, of any E. coli promoter and the homology score of that promoter was uncovered by multiple alignment (Mulligan et al, 1984) . Jonson et al. (1993) predicted the promoter strength, P¡,ia, by mapping sequences of length L into a 4L-bite space because neural networks are defined in a similar manner. By "generating and testing hypotheses", Stormo et We propose an approach for determining the best "sequence -> activity" regression on the basis of decision making theory (Fishburn, 1970 ) and Zadeh's (1965) fuzzy logic. In combination, these mathematical theories allow a much larger number of hypotheses found in Stormo et al (1986) to be generated and tested, as automatic mode is now on.
The approach has been implemented as the computer system ACTIVITY. The system analyzes a basis set of sequences with known activity, determines the best "sequence -* activity" regression, and saves it as the text of a computer program. The programs have proved competitive with neural networks (Jonson et al, 1993) and weight matrices (Stormo et al, 1986 . The Figure 1 . This is the text of a computer program in the "C" language. The program predicts the number of mutations that might be induced by 2-aminopurine in the center of a given sequence 11 bp in length under the specified experimental conditions . Once generated, the program does not require any ACTIVITY support.
Any such program predicts the activity, Pis), of a given nucleotide sequence, s, using single linear regression:
where: ar, and a\ are standard regression coefficients; X(i) is a context feature. Eq. (2) is handled by the computer procedure WeightSum shown in Figure 1 . The text of the procedure is written into the header file "activity.h" (Fig. 1) In the present example (Fig. 1) , z = SNR and iu(j') reaches its maximum over position 0 (Fig. 2) , and so was the best Xz.w for prediction of the number of mutations, ln [Nmut] , in this position. This implies that the more trimers SNR near the mutation point, the more mutations induced by 2-aminopurine. That was the ACTIVITY decision made on the basis set AP20 (Table 1) .
Why did ACTIVITY decide on the XSNR.W while there was a total of 8,505,000 alike? For the basis set of sequences with known activity P, to each context feature X an estimate m(X -P) is assigned. In decision making theory (Fishburn, 1970) , this estimate is termed "utility" because the higher w(X -P), the better X suites P.
In the present example ( Fig. 1) (Forster and Ronr, 1979) (Stormo et al, 1986) has an impact on ACTIVITY, comparing the two approaches is a matter of course.
Sequences of the E. coli lad gene with \n{Nmul] mutations induced by 2-aminopurine Coullondre et al, 1978) were examined as described at length in Sections SYSTEM and METHOD.
The program given in Figure 1 was tested on the control set AP2# (Table 1) . Prediction of the mutation number is presented in Figure 3 . The coefficient of linear correlation between the predicted and known activities is r2 = 0.740 (a < 10"3).
A very close estimate (r2 = 0.749) had been obtained using weight matrices (Stormo et al, 1986) . Thus, ACTIVITY is at least as reliable as weight matrices.
Neural networks are now widely used for activity prediction, and so we have compared ACTIVITY with one of them. Figure 1 on the control set AP2# (Table 1) .
88 PONOMARENKO ET AL. (Jonson et ai, 1993) . The nucleotide sequences are available in Table 1 by Jonson et al. (1993) .
Sequences of 27 E. coli promoters (positions between -49 and +19) with known strength -log[Pb¡a] (Jonson et al, 1993) were examined. These experimental data are presented in Table 2 . The basis set Ecn of 9 promoters was entered into ACTIVITY, the other 18 promoters were the control set Ec#.
On the basis set Ecn, ACTIVITY generated a program which was defined by k = 3, z\Z2Z3 = ASM, and the function wii) as in Figure 4a (Table 2) . The results obtained are presented in Figure 4b . The correlation between the predicted and known strength -logtftfa] was r2 = 0.741. These experimental data had been analyzed using neural networks (Jonson et al, 1993) positions -38, -12, -10, -9, -8 and between positions +4 and +14. By Fisher's precise criterion (Lehman, 1959) , ACTIVITY did as much (a < 10"3). (Fig. 5a) .
Testing was performed on the control set E2A# (Table 3) . The results obtained are in Figure 5b . The predictions fit in with the experimental data, r2 = 0.831 (a < 0.025). Thus, the well-known T/G-rich downstream element located between positions +13 and +20 of this site was successfully detected by ACTIVITY (Fig. 5) .
A program was generated for a nucleotide substitution experiment (Table 3) . What would the prediction of cleavage frequency be like if the program were tried on insertions? With insertion, position numbers of the downstream element become higher. As can be seen from Figure 5a , the weight function w(i) has a maximum at position 10 after which it decreases smoothly. Therefore, the weights w(i) of the tetramers HNWK of this element decrease and so does cleavage frequency. McDevitt et al (1986) 
